Carsharing is a system that allows individuals to use a car from a fleet on an hourly basis.
INTRODUCTION
Carsharing is a system that allows individuals to use a car from a fleet on an hourly basis.
The Sefage development project in Zurich, which started in 1948, is the first implementation of this concept (1) . Various other schemes were implemented in the 1970s and 1980s, but most of them operated at a very small scale and none of them survived (2) . The modern era of carsharing started in the late 1980s, when new schemes, most of them still in operation today, entered the market. Since then, the basic concept of carsharing has evolved in slightly different ways throughout the world, but "neighborhood carsharing" (3) is still the predominant operational model, especially in Europe.
In recent years, several new developments have further modified the world of carsharing (4, 5, 6, 7, 8) . An extensive discussion of those developments is beyond the scope of this paper, but some important aspects should be highlighted because they are relevant for the work presented here. Carsharing systems and more in general shared-vehicle systems are increasingly popular all over the world. The number of available shared vehicles overall increases both, because new vehicles are added by existing operators and because new operators start their activities. In the case of carsharing, the European market has witnessed an interesting new phenomenon. For the first time, car-makers -i.e. Daimler, Peugeot, BMW, etc. -are directly involved in carsharing operations in the search of new ways to market the product car. At a time when numbers sold vary widely from year to year in most of the western countries and the chance of a surge thanks to developing countries' markets is hindered by the emergence of new car-makers in those same countries (India, China), this is understandable. What impact this will have on the carsharing world will be seen in the future. However, it is reasonable to expect that it will accelerate an already existing trend towards larger carsharing companies (9) , larger carsharing systems and increased professionalism in their planning and in the conduct of their operations. For this reason, predictive models, instrumental for the estimation of carsharing demand and for the optimization of carsharing operations, are expected to draw more and more attention from The remainder of this paper is organized in four sections. Section two discusses the modeling requirements for the estimation of carsharing demand and explains the potential benefits of using an activity-based micro-simulation approach. It also provides an overview on the modeling framework that has been used, the multi-agent traffic simulation MATSim. Section three presents the implementation of carsharing within the MATSim framework. The model is used in a simulation scenario representing the urban area of Zurich (Switzerland) to estimate carsharing usage. The description of the scenario and the discussion of the results are given in Section four. The paper closes with some conclusions and an outlook on future work in Section five.
MODELING FRAMEWORK

Modeling requirements
In classic travel demand (4-step) models, the mode choice module was typically taking only two modes into account, car and public transport. Some recent efforts have enhanced this to account for other modes (i.e. bicycle and walk travel) but, to the best of our knowledge, the integration of the carsharing mode in that module has not yet been attempted. In fact, the estimation of carsharing demand is a challenging task for various reasons and one could argue that classic modeling tools are not well suited for this. In general, they are estimated on data, which represent the current transportation system and are not based on some general behavioral rules that persons are supposed to follow. Therefore, it is difficult for these Ciari, F ., N. Schuessler and K.W. Axhausen 5 models to make predictions for new transport options. Carsharing is a car mode but also shares attributes with public transport, like access time and the fact that service is not always available. Thus, in order to assign travelers to the right alternative, the description of the modes needs to be detailed enough to include the characteristics that distinguish them. The more similar the modes are the more details are necessary. However, to fully exploit the level of detail, travel should be modeled at the individual level with explicit modeling of modal choice. A precise computation of the access time to the service implies both, high spatial resolution of the model and representation of single travelers. In order to deal with single travelers, individual socio-demographic data is required. In the literature, various reports on themes like estimating carsharing market potential, simulating carsharing operations and estimating the effect of carsharing on car ownership are available. The work of Shaheen and Rodier (11) is probably the only example where travel demand and policy effects are forecasted for different scenarios. However, they used a modeling framework that allowed only a very simplistic representation of carsharing. They correctly observed that reliable tools for the estimation of innovative mobility services/policies are missing and overcoming this lack might be crucial for their success. Summarizing, there are three important conclusions:
 Since travel demand models are estimated on data that represents the current transportation system, it is difficult for these models to make predictions for new transport options  Models with high spatial resolution and many demographic details are needed  Reliable tools for the evaluation of innovative mobility services/policies might be decisive for their success
As stated in previous work (12) , a possible way to address these issues is by using a modeling approach that couples the activity-based approach with a multi-agent system.
MATSim, the multi-agent simulation that will be used here, is an example of this coupling.
MATSim
MATSim is a fast, dynamic, agent-based and activity-based transport simulation. The basic idea is to let a synthetic population of agents act in a virtual word. The synthetic population Each agent has socio-demographic attributes like age, gender, occupation, home location, car availability, etc. His plan contains information on the daily activities, like where and when those activities will be performed, and which mode of transport will be used to reach the different locations. The underlying activity-chain is assigned to each agent according to its socio-demographic attributes. The plans are executed simultaneously during the traffic flow simulation. Several plans for each agent are retained, given a score, and compared. The plans with the highest scores are kept, and used to create new plans based on the agent's previous experiences. In order to improve their score, the agents can vary their departure time, transport modes, routes and location of some activities. The system iterates between plan generation and traffic flow simulation until a relaxed state is reached ( Fig.1 ). (13, 14) .
Figure 1 -Graphic representation of the MATSim simulation framework
MATSim utility function
The optimization process described above is based on the evaluation of the plans using a specific scoring function. The MATSim scoring function employed in this paper is based on two ideas: a logarithmically decreasing marginal utility for activity duration and a Vickrey (1) Other kinds of out-of-pocket expenses (like parking costs) can be added in the same way, as well as other aspects of travel with a specific mode. The utility function allows the user to Ciari, F., N. Schuessler and K.W. Axhausen 9 vary the characteristics of different modes and observe the reaction of agents to such variations.
THE IMPLEMENTED MODEL
In the most recent version of the MATSim toolkit, the available modes are car, public transport, bike and walk. Carsharing is not considered as an option. A new transport mode can be added to the simulation tool in various forms and with different levels of detail. In any case, it is necessary to introduce a function that represents the generalized cost of travel with the given mode in a form similar to (2) . In the work presented here, two of the fundamental features that characterize the carsharing mode, access to carsharing cars and the fare structure are explicitly modeled. Our assumption is that a model with a correct representation of these two features is able to give plausible estimates of carsharing usage in terms of modal share, and to induce in the agents some of the typical carsharing usage patterns. A convenient access to carsharing cars has been found of particular importance in most of the surveys conducted among carsharing users and, indeed, is often referred as the most important factor for joining a carsharing program. The fare of carsharing is generally the sum of a time dependent part and a distance dependent part. The users are charged for both the distance they travel and the time they keep the car (or more precisely the time they reserved the car). This feature is specific to carsharing and it is known to have a strong influence on usage patterns (19) . In order to explicitly represent the mentioned features, the model has been enhanced as follows:
 Carsharing stations have been introduced; stations are located at the actual carsharing locations in the modeled area.
 One agent can pick up the car only at one of the predefined stations, and must bring it back to the same one.
 Agents always choose the closest station to the starting facility.
 Agents walk to the pick-up point.
 The agent's utility function is enhanced to account for carsharing. A time dependent penalty is introduced to mimic carsharing fare structure. 
Compared to (2), equation (3) (2). The time cost is set to 2 Sfr/h while the distance cost is set to 0.64 SFr/km, which is the standard carsharing fee in Switzerland.
The mode choice module of MATSim is subtour based. A subtour is defined as a sequence of at least two trips starting and ending at the same node. Agents choose the transport mode at this level. This fits well with the way real carsharing systems are functioning since it forces an agent to bring back the car to the starting station.
Ciari, F., N. Schuessler and K.W. Axhausen 11 A last aspect of the model that is worth mentioning is the physical simulation. In the version of MATSim used for this work only private cars are physically simulated. The physical simulation allows taking into account the interactions among agents; basically their competition for the infrastructure. Too many agents on a certain road at a certain time will cause congestion and agents will try in successive iterations to switch time or route in order to obtain a better score. This generates a dynamic assignment of the demand to the network.
If an agent uses a mode other than the car mode, the attributes of this travel (distance, time) are calculated independently from the situation on the network. This is equivalent to assuming that such modes neither are influenced by nor influence congestion on the network.
In fact, in a real world situation, this is largely true for the walk mode and more or less true for the bike mode. This is, however, a major simplification for public transport travel. A detailed discussion of that feature of the model is beyond the scope of this paper, but, it is important to explain how carsharing is modeled to this respect. It is obvious that it cannot be assumed that the congestion on the network is not influential for carsharing travel.
Nevertheless, since car sharing cars make up only for less than 1% of global car travel (the sum of private cars plus carsharing cars) it seems reasonable to assume that carsharing users contribute only very marginally to congestion on the network. They are, however, affected by the congestion that the other car travelers cause. For that reason, carsharing cars are not physically simulated, but travel time for carsharing is calculated on the congested network. Therefore, travel time for carsharing in the simulation does depend on the level of congestion of the network at the time when and on the route where carsharing travel happens.
A TEST CASE: THE AREA AROUND ZURICH
The simulation scenario
The test case scenario used here is a "Greater Zurich" scenario. It is a subset of the Swiss scenario, and covers an area of about 2'800 km 2 With the computer used for the simulation, a shared-memory machine of the type Sun Fire X4600 M2 with 8 dual-core CPUs and 128 GB RAM, the 10% sample scenario takes about 14 hours of computing time (using 3 cores and 40G RAM) for 40 iterations, which is enough to reach an equilibrium with the settings used.
Results and discussion
The goal of this work is to show that the simple model described in the previous section is able to reproduce a reasonable modal split, and capture some of the usage patterns typical for The first analysis compares the modal split obtained from the simulation, with the modal split reported in the Microcensus by respondents living in the study area (Fig.3) . The modal split values are the percentage of trips travelled with a certain mode disregarding the distance. The share of agents using carsharing in the simulation is 0.6%. Since carsharing is not a reported mode in the Swiss Microcensus, its share was derived from a national study on carsharing usage (22) . According to this the current nationwide modal share of carsharing is 0.1% of all trips. An estimate for the simulated area can be obtained considering the number of carsharing cars available at national level and the number of carsharing cars available in the area and assuming that all carsharing cars are used, on average, for the same number of daily trips. This results in an estimate of 0.5% of the trips in the simulation area.
This means that the simulation delivers good results. To some extent, they are even better results than expected considering that the current specifications of the model -the unlimited number of cars at the stations and the fact that membership is not taken into account in the model -would have suggested a larger overestimation. A possible interpretation is the fact that we are simulating a week-day where the capacity of the carsharing system is less an issue than on weekends. In other words the use of carsharing is rather limited by the structure of typical week-day activity-chains than by the capacity of the system. The next analysis checks that the two features of carsharing that were explicitly introduced in the model are inducing the correct behavior in the agents. First, the influence of the time dependent fee is verified. For this, the rental time in the simulation (subtour length) is compared with that of real carsharing customers in Switzerland. Additionally, in order to
show that subtours made with carsharing are, on average, shorter than subtours made with the other modes, the distribution of subtour durations in the Microcensus is also reported (Fig.4) . As expected, carsharing is preeminently used for shopping and leisure activities in the simulation, and this to a much larger extent than other modes are used. This indicates that the usage pattern in the simulation is correct. Nonetheless, the share of legs with work as purpose, appears to be high and casts some doubt; but an analysis of the tours in the simulation showed that about 70% of those work legs are part of a work-work chain. This means that those trips have been made by agents that were already at work somewhere and needed a car to go somewhere else as part of their working activity. This is consistent with how business carsharing is functioning, which is indeed offered by Mobility, and this number might reflect this type of carsharing usage. However, the specific usage data by Mobility is unavailable and, therefore, a direct comparison is not possible. Moreover, even without counting those trips, the residual share of trips with work purpose, about 7% of the total, might be an overestimate. An improvement of the model to this respect depends on the future availability of relevant data. The aim would be to find out how many work trips are actually made using carsharing and how an eventual overestimate in the simulation could be prevented. In any case, the important fact here is to show that the fee structure with its time dependent part pushes the agents to use carsharing cars prevalently for the "right" activities and not for commuting.
Finally, the distribution of departure times in the simulation is compared to departure times of Mobility customers. Again, in order to show that these distributions are peculiar to carsharing, the distribution of subtour departure times with any mode is also reported (Fig.7) . Figure shows that in the simulation too many departures occur in the evening or very early in the morning. Nevertheless, the general shape of the distribution generated by the simulation is similar to that of Mobility customers and, more importantly, is considerably different from the global one, where the characteristic morning peak can be seen. Thus, the simulation is able, although without high accuracy, to reproduce a pattern that is observable in reality. MATSim. This type of model is known to allow for a very rich description of both persons and infrastructure, and MATSim is no exception. This comes at the cost of being computationally intensive. Additionally, the richness of detail does not imply the accuracy of the model, in particular at the micro-scale. However, it is important that such a level of detail is possible because it allows introducing simple behavioral rules at the micro level that determine the macro behavior of the system. The key is to use behavioral rules that are easy enough to observe from real world experience but also "fundamental" enough to induce a plausible behavior in the agents not only for a particular activity or for a particular mode of transport, but in general. This results in the really important feature of showing an emerging behavior at the macro-scale that is caused, but not directly implied, by the rules at the lower level. This emerging behavior is the main reason why agent-based simulation is a suitable tool for modeling innovative transport systems. Moreover, this kind of modeling tool does not rely too much on past information to make predictions. The implementation described in this paper focused on two of the most important aspects of carsharing, the access to the cars and the time dependent fee structure. These two aspects are known to be of great importance for carsharing users and a model aiming to predict carsharing demand should take them into account. The model presented has been tested for this purpose and shown to be able giving plausible results in terms of overall carsharing usage and also with respect to the two carsharing scenarios. The model is still not quite ready for that use, but it is, in our opinion, a very promising advance in the search for reliable predictive models of carsharing demand.
